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Abstract: Railway infrastructure is generally classified as either fixed or movable infrastructure
assets. Failure in any of the assets could lead to the complete shutdown and disruption of the entire
system, economic loss, inconvenience to passengers and the train operating company(s), and can
sometimes result in death or injury in the event of the derailment of the rolling stock. Considering
the importance of the railway infrastructure assets, it is only necessary to continuously explore their
behavior, reliability, and safety. In this paper, a proactive multi-criteria decision-making model that
is based on an interval-valued intuitionistic fuzzy set and some reliability quantitative parameters
has been proposed for the evaluation of the reliability of the infrastructure assets. Results from the
evaluation show that the failure mode ‘Broken and defective rails’ has the most risk and reliability
concerns. Hence, priority should be given to the failure mode to avoid a total system collapse.

Keywords: proactive decision-making; reliability; availability; failure rate; railway system

1. Introduction

Railway transport was first introduced in Nigeria by the British colonial government
in 1901, when a 20-kilometer rail line was constructed from the then Lagos colonial head-
quarters to one of their sub-offices in Ibadan. The line was further extended to Minna
and Baro-Kano in 1911 [1]. With the many years of neglect of the railway facilities, in-
cluding the rolling stock and the right of way, the capability, reliability, and utility of the
system have greatly been reduced [2]. One of the results of such neglect is the progressive
wear that is seen in most of the rail lines/tracks and the collapse of most of the other key
railway infrastructure [3].

Although the government has made some attempts to rehabilitate some of the railway
lines [4] and enhance their efficiency [5], it is not enough to achieve excellent reliability man-
agement of the rail lines and their infrastructure. A proper diagnostic study, a retrospective
assessment for finding vulnerabilities, and a predictive analysis practice are needed for
proactive failure prevention in the rail system and network [6] and for addressing reoccur-
rences of adverse system failure by tracking the causal relationships of the failure from the
origin [7]. Some of these practices, however, have been grouped into the following themes:
the remaining service life study [8], reliability-centered maintenance and the digital twin
approach for detecting faults in some of the key rail infrastructures [9,10], and structural
response to random vibration due to the movement of the train [11–13]. Finally, the root
cause of failure in some selected subsystems and components of the railway infrastructure
assets [14]. The use of reliability-centered maintenance, predictive maintenance programs,
and expert-based rail data for the assessment of the root cause of failure, fault detection,
and failure diagnosis in railway infrastructure assets is an interesting topic in reliability
management studies [15].
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Railway infrastructure in general can be classified into the following two assets [16]:
(1) Infrastructures that can be grouped into fixed assets such as lines/rail tracks, bridges,
sleepers, signaling systems, points and interlocking systems, electrical units, etc. (2) In-
frastructure that can move on the railway (rolling stock), such as passenger coaches,
locomotives, and freight cars. Failure of any of these infrastructure assets can result in the
complete shutdown of the entire system. Where this could lead to a delay in traffic and
sometimes a total disruption of the entire system altogether, it can also cause a great deal of
economic loss, inconvenience to both the passengers and the train operating company(s),
and sometimes result in death or injury due to the derailment of the rolling stock [17].

Considering the importance of the issues raised so far, it is only necessary to continu-
ously explore the behavior of these railway infrastructures, their reliability, and their safety
concerns. According to Dinmohammadi et al. [16], one of the open and challenging areas
still available in railway infrastructure research is the need for a practical methodology
that can cope with the uncertainty of information for analyzing and mitigating the risks
associated with the failure mechanism of the railway infrastructure components at a system
level. The currently available methods used in the railway industry include the fault tree
analysis method [18,19], the event tree analysis method [20], the Monte Carlo simulation
model [21], the consequence analysis method [22], and the equivalent fatality analysis
method [23]. These methods, however, all rely heavily on the availability and accuracy of
reliability-related data, which in most cases are not readily available. A simplistic approach
that often fails to capture the multi-dimensional nature of uncertainty inherent in asset
condition assessment. Details of the infrastructure asset information for the railway system
are presented in Figure 1 below.
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In this paper, however, a proactive multi-criteria decision-making (P-MCDM) model
that is based on an interval-valued intuitionistic fuzzy set (IVIFS) and some reliability
quantitative parameters has been proposed for the evaluation of the reliability of the infras-
tructure assets of the rail system. To address the multi-dimensional nature of uncertainty
inherent in the rail system asset condition assessment, an interval-valued intuitionistic
fuzzy Dombi Heronian mean (IVIIFDHM) operator was incorporated into the P-MCDM
model. The proactive evaluation model is used for measuring and mitigating the risks
associated with the failure of the railway mechanism and infrastructure components. The
evaluation, which aims to provide system failure knowledge, is achieved by prioritizing
the failure modes associated with the railway infrastructure components. The new model
derives its data from historical system failure reports and expert-based opinions, which
can be likened to the reliability-centered maintenance concept that is designed to probe
into what could happen due to the operation and application of the system. The main
advantages and contributions of the work/method presented here include the following:

(1) The extension of the criticality evaluation factors to include factors like maintainability
(MT), safety and environmental impact protection (SEP), and costs of maintenance
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(CM), which have not been used as reliability and criticality factors in the evaluation
of failure modes or when determining the root cause of failure under the reliability
evaluation literature as well as for railway infrastructure asset evaluation.

(2) The use of an expert-based approach for determining the root cause of failure in the
railway infrastructure assets, which is the first of its kind in this area of research, as
it can provide a solution to complex problems by reasoning through large bodies of
knowledge and specific human expertise otherwise referred to as experts in this study.

(3) The study also contributes to the reliability study of the railway infrastructure assets
by proposing a new PMCDM model that holistically addresses the uncertainties in the
evaluation process by using a multi-dimensional membership function that includes
real membership, imaginary membership, real non-membership, and imaginary non-
membership functions.

(4) Unlike the currently existing reliability management model, the new PMCDM model
accounts for some of the reliability quantitative parameters that are otherwise ignored
in the currently existing reliability management model.

(5) The new model is flexible and can be used in the evaluation of decision-making problems.

The rest of the paper is organized as follows: in Section 2, the formation of the new
PMCDM model is presented by reviewing the concept of the IVIFS and the reliability
quantitative parameters, and finally, the presentation of the PMCDM model algorithm and
framework. In Section 3, a case with fifteen failure mode alternatives and four reliability
criticality criteria is presented to illustrate the procedure for the implementation of the pro-
posed approach for the root cause of failure determination in a section of the infrastructure
assets of the rail system. And finally, in Section 4, some closing remarks, observations, and
recommendations for future studies are presented.

2. Methods
2.1. Formation of the PMCDM Model

The proactive multi-criteria decision-making (PMCDM) model presented here is based
on an interval-valued intuitionistic fuzzy set (IVIFS) and some reliability quantitative
parameters that are used for the evaluation of the reliability of the infrastructure assets
of the rail system. In developing the model, the IVIFS and the reliability quantitative
parameters are reviewed and then integrated into the model. Finally, an algorithm that can
be used for its implementation is presented in the form of a framework.

2.1.1. Interval-Valued Intuitionistic Fuzzy Set (IVIFS)

The IVIFS presented here was developed by Ye [25] and is an extension of the intu-
itionistic fuzzy set (IFS) originally proposed by Atanassov [26]. IVIFS, which has multi-
dimensional mathematical functions, is used for addressing decision-making problems
with several uncertainties, falsity, hesitation, and periodicity. The mathematical concept
and formation of the IVIFS have been presented in Definition 1, which is followed by a
mathematical operator that has been specifically selected and used in the development of
the PMCDM model.

Definition 1 ([25]). If X( ̸= ∅) is a given set and D[0, 1] is a set of all closed subintervals of an
interval [0, 1], then IVIFS of A in X is expressed as follows:

A = {⟨x, µA(x), vA(x)⟩ |x ∈ X } (1)

where µA : X → D[0, 1], vA : X → D[0, 1] with the condition 0 ≤ supµA(x) + supvA(x) ≤ 1,
∀x ∈ X.

The intervals µA(x) and vA(x) denote the degrees of membership and non-membership of the
element x to the set A. Thus, for each x ∈ Xthe intervals, µA(x), and vA(x) are closed and their
lower and upper-end points are given as µAL(x), µAU(x), and vAL(x), vAu(x), respectively. The
set can be rewritten as follows:
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A =
{〈

x, [µAL(x), µAU(x)], [vAL(x), v AU(x) ]⟩ |x ∈ X
}

(2)

With the condition 0 ≤ µAU(x) + vAU(x) ≤ 1, µAL(x) ≥ 0, vAL(x) ≥ 0, for each element
x, we can compute the unknown degree of an intuitionistic fuzzy interval of x ∈ X in A, which can
be defined as follows:

πA(x) = 1 − µA(x)− vA(x) = [1 − µAL(x)− µAU(x), 1 − µAL(x)− vAL(x)] (3)

If µA(x) = µAL(x) = µAU(x) and vA(x) = vAL(x) = vAU(x), then the IVIFS A is re-
duced to an ordinary IFS. In using the IVIFS for solving decision-making problems, the mathematical
functions have been expressed as A = ([a, b], [c, d]).

Definition 2 ([27]). Let φi = ([di, ei]), [ f , gi]) represent the interval-valued intuitionistic fuzzy
number (IVIFN) of the interval-valued intuitionistic fuzzy Dombi Heronian mean (IVIIFDHM)
operator, which has been selected specifically for the formation of the PMCDM model. For all
i = (1, 2, 3, 4, . . . .., p), the IVIIFDHM operator of dimension n is a mapping IVIIFDHM of
Ωn → Ω such that

IVIIFDHMp,q(φ1, φ2, φ3, . . . ..φn) =
(

2
n(n−1)

⊕n
i=1

⊕n
j=1

(
φi

p ⊗
φj

q)) 1
p+q

=




11+

 n(n−1)
2(p+q)×

 1
∑n

i=1 ∑n
j=i

1
pDi

γ+qDj
γ

 1
γ


, 11+

 n(n−1)
2(p+q)×

 1
∑n

i=1 ∑n
j=i

1
pEi

γ+qEj
γ

 1
γ



,


11+

 n(n−1)
2(p+q)×

 1
∑n

i=1 ∑n
j=i

1
pFi

γ+qFj
γ

 1
γ


, 11+

 n(n−1)
2(p+q)×

 1
∑n

i=1 ∑n
j=i

1
pGi

γ+qGj
γ

 1
γ







(4)

where Di =
1−di

di
, Ei =

1−ei
ei

, Fi =
1− fi

fi
, and Gi =

1−gi
gi

; n is the number of IVIFN presented by the
experts; di, ei are the real and imaginary membership functions; and fi, gi are the real and imaginary
non-membership functions, respectively. γ is the number of experts involved in the evaluation,
while p and q are real numbers that represent the computed reliability quantitative parameters.

2.1.2. Reliability Quantitative Parameters

In the evaluation of the reliability of the infrastructure assets of the rail system, the
following reliability quantitative parameters have been adopted and integrated into the
proactive multi-criteria decision-making (PMCDM) model:

• Failure rate

The failure rate of a system, which is often used in reliability engineering, can be
described as the frequency with which the said system or its component parts fail [28].
The failure rate is expressed as the number of failures per unit of time. For the reliability
assessment of a complex system, like the infrastructure assets of a railway, the failure rate
data can be obtained through the following:

(i) Estimation: Failure data obtained from the field are, in most cases, used to estimate
the failure rate of a particular system by using statistical analysis techniques [29].
To ensure the accuracy of the failure rate, it is advised that the analyst have a good
understanding of equipment and system operation, understand the procedures for
data collection, understand the key environmental and physical parameters and
variables impacting the failure rates, understand how the equipment is operated at
the system level, and finally, understand the type of failure data required.
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(ii) Historical data about the device or system under consideration: Many engineering
facilities maintain several rules of engagement, including the internal databases of
failure information on the devices or systems they operate or produce [30]. With the
failure information, the failure rate can be calculated for each device or system. For
new devices or systems, the historical data for similar devices or systems can serve as
a useful estimate [31].

(iii) Prediction: Time lag is one of the many drawbacks associated with failure rate es-
timations of engineering systems. According to Mettas [32], failure rate data are
concerning; however, when they are available, the system or devices for which the fail-
ure information is required have become obsolete. Due to this drawback, failure-rate
prediction methods are often deployed to obtain data for the design and maintainabil-
ity of systems and devices. These methods may be used on newly designed devices
to predict the device’s failure rates and failure modes. Two of the most prominent
approaches that have found application recently include the life cycle testing method
and the failure modes, effects, and diagnostic analysis (FMEDA) method.

In integrating the failure rate parameter into the proactive multi-criteria decision-
making (PMCDM) model, the study has adopted the Lambda–Tau method originally
presented in [33] by modifying the failure rate.

Definition 3. Without any loss of generality, let the Lambda–Tau method for the failure rate of a
complex system be given as follows:

p(α) =

[
n

∏
i=1

{λi1 + α(λi2 − λi1)}
]
∗

n

∑
j=1

 n

∏
i=1
i ̸=j

{τi1 + α(τi2 − τi1)}

 (5)

Equation (5) can further be described for systems in a fuzzy environment by considering the

fuzzy failure rate function
(

p(α)
)

. If p(α) = βtβ−1

(kθ)β ∀t ∈ [(0, ∞), so that ∀α[0, 1]], the α-cuts of

the fuzzy failure rate function have therefore been rewritten as follows:

p(α) =
[ ′

pLα(t),
′

pUα(t)
]

=

[
βtβ−1

({kL+α(1−kL)}θ)β , βtβ−1

({kU+α(1−kU)}θ)β

] (6)

where β and θ are two-parameter Weibull probability distributions; α is the α-cuts of the fuzzy
failure rate function; λ and τ are the failure and repair rates, respectively; and kL and kU are the
boundary values within the CIFN and can be described as vagueness coefficients.

• Availability

To ensure the reliability of a system, risk and cost reductions, which are the most fun-
damental requirements critical to the maintenance unit, need to be taken into consideration.
It is therefore essential that maintenance managers and engineers work around the clock to
maximize the availability of operating systems/subsystems by eliminating sudden failures
that, in most cases, can disrupt operations. Failures, as we know them, are an inescapable
occurrence in the mechanical system and can only be managed by adopting a planned
maintenance policy to ensure they are available for operation. The availability functions of
the system are given below.

Definition 4. Let the Lambda–Tau method for the fuzzy availability function of the system be given
as [34] follows:

q(t) =
[

τ

p + τ
+

p
p + τ

]
(7)
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If (t) = e−( t
kθ )

β− t
kτ

[
1 + 1

kτ

∫ t
0 exp

{( u
kθ

)β
+ u

kτ

}
du

]
∀t ∈ [(0, ∞), so that ∀α[0, 1]], then the

α-cuts of the fuzzy availability function can therefore be described in the following form:

q(t) =
[ ′
qLα(t),

′
qUα(t)

]

=



exp
{
−
(

t
{kL+α(1−kL)}θ

)β
+

(
t

{kL+α(1−kL)}τ

)}
∗{

1 + 1
{kU+α(1−kU)}τ

∗
t∫

0
exp

{(
u

{kU+α(1−kU)}θ

)β
+

(
u

{kU+α(1−kU)}τ

)}
du

}
, , ,

exp
{(

t
{kU+α(1−kU)}θ

)β
−

(
t

{kU+α(1−kU)}τ

)}
∗{

1 + 1
{kL+α(1−kL)}τ

∗
t∫

0
exp

{(
u

{kL+α(1−kL)}θ

)β
+

(
u

{kL+α(1−kL)}τ

)}
du

}


(8)

2.2. PMCDM Model Algorithm and Framework

The PMCDM model algorithm proposed for the evaluation of the reliability of the
infrastructure assets of the rail system has been presented in the following steps:

Step 1: Request expert opinion from at least two persons with corresponding work experi-
ence on the subject matter to evaluate the reliability of the infrastructure assets of a railway
system by prioritizing the failure modes of the system. The experts, who should come
from both academia and industry, should have at least a first degree in engineering; this is
mainly to ensure the integrity of the assessment process.
Step 2: The identified set of failure modes is subject to some reliability-based criteria. Ask
the experts to evaluate the failure modes using a linguistic scale that has a corresponding
IVIFN equivalent (see Table 1).
Step 3: With the gathered experts’ opinions and evaluations, construct the linguistic
intuitionistic fuzzy decision matrix of the experts (M = (x ij)mxn ). Using the IVIFN values
in Table 1, convert the M = (x ij)mxn to a numerical matrix. The numerical form of the
matrix is given in Equation (9) and is based on the IVIFN.

Table 1. Linguistic scale and its IVIFN equivalent for data collection.

Linguistic Terms IVIFN

Minor (M) ([0.1, 0.2], [0.1, 0.4])

Important (I) ([0.2, 0.5], [0.2, 0.3])

Significant (S) ([0.3, 0.5], [0.1, 0.3])

Major (Ma) ([0.4, 0.3], [0.1, 0.2])

M = (x ij)mxn =



( [d 11, e11] , [ f 11, g11]) ( [d 12, e12] , [ f 12, g12]) ( [d 1n, e1n] , [ f 1n, g1n])
( [d 21, e21] , [ f 21, g21]) ( [d 22, e22] , [ f 22, g22]) ( [d 2n, e2n] , [ f 2n, g2n])

...

...
( [d m1, em1] , [ f m1, gm1])

...

...
( [d m2, em2] , [ f m2, gm2])

...

...
( [d mn, emn] , [ f mn, gmn])

 (9)

Step 4: With the numerical matrix in place, which is provided by the individual experts,
the IVIIFDHM operator in Equation (4) is then used for the aggregation of the experts’
preference opinions and evaluation. The aggregation, which allows for the integration of
some reliability quantitative parameters like fuzzy failure rate and availability function
into the model, is used for the construction of the comprehensive intuitionistic decision
matrix CM = (yij)mxn.
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Step 5: Using the intuitionistic entropy originally proposed by Ye [35], the weighted
vector of the reliability criteria is computed from CM = (yij)mxn by using the following
mathematical formation:

E2(A) = {Sin
π ∗

[
1 + µAL(xi) + sWµA(xi)− vAL(xi)− rWvA(xi)

]
4

+Sin
π ∗

[
1 − µAL(xi)− sWµA(xi) + vAL(xi) + rWvA(xi)

]
4

− 1

}
∗ 1√

2 − 1

(10)

where s, r ∈ [0, 1] are two fixed values when WµA(x) = µAu(x) − vAL(x) and
WvA(x) = vAu(x)− vAL(x).

Step 6: With the weighted vector, construct a weighted normalization matrix for the reliabil-
ity criteria. From the matrix, determine the maximum and minimum values and then use
them as the intuitionistic fuzzy positive and negative ideal (CIFNI) solution, respectively.
Step 7: Determine the closeness coefficient values for the failure modes using Equation (11).

cci =
S−

(S− + S+)
(11)

Step 8: Rank the failure modes in descending order using the results obtained in Step 7.

3. Results and Discussion
Numerical Implementation of the Model

To illustrate the procedure for the implementation of the proposed approach for the
determination of the reliability of the infrastructure assets of the rail system, a case with
fifteen failure mode alternatives and four reliability criticality criteria has been presented.
The failure mode alternatives that were obtained from the maintenance record within a rail
system in Nigeria include faulty block joints (FB), broken and defective rails (BDR), and
drainage–track substructure (DTS), all for the perway subsystem. Interlocking crossings
(ICs), point-to-point machines (PPMs), track circuits (TCs), and on-track machines provide
signals for the signaling subsystem. Substation power (SP), light barrier (LB), faulty cable
and wires (FCW), and faulty push buttons (FPB) for the electrical subsystem. Loose actuator
rods (LAR), actuator rods not disengaging from limit switches (ARD), door drive (DD),
guard operating panel (GOP), and loose plugs (LP) for the mechanical subsystem. Are
evaluated with respect to the following four criteria: failure frequency (FF), maintainability
(MT), safety and environmental impact protection (SEP), and costs of maintenance (CM)
reliability criticalities.

In implementing the PMCDM algorithm for the evaluation of the reliability of the
railway infrastructure assets, a group of three experts, one from academia (with a Ph.D.
in industrial engineering) and two from the railway industry (both of them are registered
engineers in Nigeria), were carefully chosen to give their expert advice/opinions and
to evaluate the failure mode alternatives with respect to the reliability criticality criteria.
Results from the evaluation, which have been presented in Table 2, show the linguistic
intuitionistic fuzzy decision matrix of the experts, which can furthermore be converted to
the numerical matrix using the IVIFN as presented in Table 1 above.

With the linguistic intuitionistic fuzzy decision matrix of the experts and the converted
numerical matrix in place, the individual expert’s opinions and evaluation are aggregated
using the IVIIFDHM operator in Equation (4). Before the proper evaluation, the fuzzy
failure rate p(α) and availability function q(t) of the railway infrastructure asset were
calculated using Equations (6) and (8), respectively. In the context of accurate reliability data,
for convenience, the parameters have been given the following fixed values: p(α) = 0.002
and q(t) = 0.0001. The results of the aggregation and computation are given in Table 3.
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Table 2. The linguistic intuitionistic fuzzy decision matrix of the three experts.

E1 E2 E3 E1 E2 E3 E1 E2 E3 E1 E2 E3

FF MT SEP CM

FB I S M M M I Ma 1 M Ma Ma M

BDR I I S S Ma I Ma S M M M I

DTS Ma S I Ma Ma M M M I I I Ma

IC Ma I S M I M M I M S Ma I

PPM Ma S M Ma Ma M Ma S I Ma I M

TC Ma Ma Ma Ma S I I M S I S M

SP I I I S S S Ma Ma Ma S S M

LB S S Ma M I M M I M I S M

FCW Ma Ma M Ma S M I I I S Ma I

FPB M M M Ma I M I I Ma S S S

LAR M M I Ma Ma Ma S S S Ma Ma Ma

ARD Ma S M S S S Ma S M Ma Ma M

DD S Ma I S S Ma M M I I S M

GOP S S S I I Ma Ma Ma Ma M I M

LP Ma I M I S M Ma Ma M S Ma I

Table 3. Aggregated individual experts’s opinions and evaluations.

FF MT SEP CM

FB ([0.169, 0.065],
[0.254, 0.101])

([0.261, 0.090],
[0.261, 0.086])

([0.125, 0.085],
[0.257, 0.111])

([0.095, 0.130],
[0.335, 0.122])

BDR ([0.155, 0.053],
[0.211, 0.115])

([0.109, 0.063],
[0.261, 0.131])

([0.111, 0.085],
[0.335, 0.111])

([0.261, 0.090],
[0.261, 0.086])

DTS ([0.106, 0.064],
[0.261, 0.133])

([0.095, 0.130],
[0.335, 0.122])

([0.261, 0.090],
[0.261, 0.086])

([0.122, 0.063],
[0.211, 0.130])

IC ([0.107, 0.064],
[0.257, 0.133])

([0.257, 0.089],
[0.257, 0.087])

([0.257, 0.089],
[0.257, 0.087])

([0.109, 0.063],
[0.261, 0.131])

PPM ([0.111, 0.085],
[0.335, 0.111])

([0.095, 0.130],
[0.335, 0.122])

([0.106, 0.064],
[0.261, 0.133])

([0.125, 0.085],
[0.257, 0.111])

TC ([0.077, 0.115],
[0.335, 0.183])

([0.106, 0.064],
[0.261, 0.133])

([0.170, 0.065],
[0.254, 0.099])

([0.169, 0.065],
[0.254, 0.101])

SP ([0.183, 0.053],
[0.183, 0.115])

([0.115, 0.053],
[0.335, 0.115])

([0.077, 0.115],
[0.335, 0.183])

([0.101, 0.063],
[0.335, 0.130])

LB ([0.101, 0.063],
[0.335, 0.130])

([0.257, 0.089],
[0.257, 0.087])

([0.257, 0.089],
[0.257, 0.087])

([0.169, 0.065],
[0.254, 0.101])

FCW ([0.095, 0.130],
[0.335, 0.122])

([0.111, 0.085],
[0.335, 0.111])

([0.183, 0.053],
[0.183, 0.115])

([0.109, 0.063],
[0.261, 0.131])

FPB ([0.335, 0.183],
[0.335, 0.077])

([0.125, 0.085],
[0.257, 0.111])

([0.122, 0.063],
[0.211, 0.130])

([0.115, 0.053],
[0.335, 0.115])

LAR ([0.261, 0.090],
[0.261, 0.086])

([0.077, 0.115],
[0.335, 0.183])

([0.115, 0.053],
[0.335, 0.115])

([0.077, 0.115],
[0.335, 0.183])

ARD ([0.111, 0.085],
[0.335, 0.111])

([0.115, 0.053],
[0.335, 0.115])

([0.111, 0.085],
[0.335, 0.111])

([0.095, 0.130],
[0.335, 0.122])
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Table 3. Cont.

FF MT SEP CM

DD ([0.109, 0.063],
[0.261, 0.131])

([0.101, 0.063],
[0.335, 0.130])

([0.261, 0.090],
[0.261, 0.086])

([0.169, 0.065],
[0.254, 0.101])

GOP ([0.115, 0.053],
[0.335, 0.115])

([0.122, 0.063],
[0.211, 0.130])

([0.077, 0.115],
[0.335, 0.183])

([0.257, 0.089],
[0.257, 0.087])

LP ([0.125, 0.085],
[0.257, 0.111])

([0.169, 0.065],
[0.254, 0.101])

([0.095, 0.130],
[0.335, 0.122])

([0.109, 0.063],
[0.261, 0.131])

Using the intuitionistic entropy originally proposed by Ye [35] and that has found
application in the following literature [36,37], the weighted vectors of the reliability criteria
are computed and then used for the construction of the weighted normalization matrix of
the reliability criteria. This is followed by the determination of the maximum and minimum
values from the weighted normalization matrix, which is used as the intuitionistic fuzzy
positive and negative ideal solution, respectively. The results of the weighted vectors (CR),
the weighted normalization matrix that is used for discrimination between different IVIFN,
and the closeness coefficient have been presented in Table 4, as well as the ranking order of
the failure modes.

Table 4. The weighted normalization matrix of the reliability modes.

FF MT SEP CM
CCi Ranking

CR 0.3453 0.3460 0.2474 0.2206

FB ([0.058, 0.022],
[0.088, 0.035])

([0.090, 0.031],
[0.090, 0.030])

([0.203, 0.191],
[0.147, 0.597])

([0.021, 0.029],
[0.074, 0.027]) 0.529 3

BDR ([0.054, 0.018],
[0.073, 0.040])

([0.038, 0.022],
[0.090, 0.045])

([0.214, 0.203],
[0.170, 0.597])

([0.058, 0.020],
[0.058, 0.019]) 0.816 1

DTS ([0.037, 0.022],
[0.090, 0.046])

([0.033, 0.045],
[0.116, 0.042])

([0.162, 0.149],
[0.064, 0.597])

([0.027, 0.014],
[0.046, 0.029]) 0.349 15

IC ([0.037, 0.022],
[0.089, 0.046])

([0.089, 0.031],
[0.089, 0.030])

([0.163, 0.150],
[0.065, 0.597])

([0.024, 0.014],
[0.058, 0.029]) 0.471 10

PPM ([0.038, 0.030],
[0.116, 0.038])

([0.033, 0.045],
[0.116, 0.042])

([0.212, 0.198],
[0.163, 0.597])

([0.027, 0.019],
[0.057, 0.024]) 0.531 2

TC ([0.027, 0.040],
[0.116,0.063])

([0.037, 0.022],
[0.090, 0.046])

([0.189, 0.177],
[0.119, 0.597])

([0.037, 0.014],
[0.056, 0.022]) 0.478 14

SP ([0.063, 0.018],
[0.063, 0.040])

([0.040, 0.018],
[0.116, 0.040])

([0.232, 0.217],
[0.201, 0.597])

([0.022, 0.014],
[0.074, 0.029]) 0.482 13

LB ([0.035, 0.022],
[0.116, 0.045])

([0.089, 0.031],
[0.089, 0.030])

([0.163, 0.150],
[0.065, 0.597])

([0.037, 0.014],
[0.056, 0.022]) 0.515 4

FCW ([0.033, 0.045],
[0.116, 0.042])

([0.038, 0.030],
[0.116, 0.038])

([0.181, 0.165],
[0.099, 0.597])

([0.024, 0.014],
[0.058, 0.029]) 0.497 11

FPB ([0.116, 0.063],
[0.116, 0.027])

([0.043, 0.030],
[0.089, 0.038])

([0.203, 0.188],
[0.143, 0.597])

([0.025, 0.012],
[0.074, 0.025]) 0.508 7

LAR ([0.090, 0.031],
[0.090, 0.030])

([0.027, 0.040],
[0.116, 0.063])

([0.214, 0.202],
[0.169, 0.597])

([0.017, 0.025],
[0.074, 0.040]) 0.498 10

ARD ([0.038, 0.030],
[0.116, 0.038])

([0.040, 0.018],
[0.116, 0.040])

([0.214, 0.203],
[0.170, 0.597])

([0.021, 0.029],
[0.074, 0.027]) 0.494 12

DD ([0.038, 0.022],
[0.090, 0.045])

([0.035, 0.022],
[0.116, 0.045])

([0.162, 0.149],
[0.064, 0.597])

([0.037, 0.014],
[0.056, 0.022]) 0.501 9

GOP ([0.040, 0.018],
[0.116, 0.040])

([0.042, 0.022],
[0.073, 0.045])

([0.232, 0.217],
[0.201, 0.597])

([0.057, 0.020],
[0.057, 0.019]) 0.502 8

LP ([0.043, 0.030],
[0.089, 0.038])

([0.059, 0.023],
[0.088, 0.035])

([0.219, 0.207],
[0.179, 0.597])

([0.024, 0.014],
[0.058, 0.029]) 0.512 6
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The result of the ranking order for the evaluation of the reliability of the infrastructure
assets of the railway system shows that the failure modes ‘broken and defective rails
(BDR)’ and ‘drainage–track substructure (DTS)’ have the most and least reliability and risk
concerns. Hence, the failure mode Broken and defective rails should be monitored and
inspected to avoid a total failure. With the ranking result, the study has been able to verify
the feasibility and rationality of the proposed model used in the evaluation of the reliability
of the infrastructure assets of a railway system.

Although the proposed model has been validated for its feasibility and rationality
to address objectivity and flexibility issues in the results obtained, as well as to mitigate
any potential biases in the evaluation process, a stability analysis was carried out using
the failure rate and availability parameter values. This was achieved by changing the
parameter values to observe their impact on the overall ranking results of the alternatives.
In this paper, the stability of the failure rate and availability parameter values have been
tested and studied using a sensitivity analysis. Details of the analysis have been presented
in Table 5, where the values of the availability parameter have been varied. The results
show that 4 out of the 15 alternatives are robust to the variations in the parameter values.
Hence, these alternatives (failure modes) can be said to be relatively insensitive to changes
in the evaluated parameters and are stable and highly reliable under different conditions.
Decision-makers can prioritize their resources and efforts toward these alternatives. This
also indicates that the model is relatively robust and is able to capture the essential dynamics
within the failure modes accurately, most especially with the high number of alternatives
that are sensitive to parameter variations. These results suggest that the behavior of the
model is consistent and predictable.

Table 5. Sensitivity analysis for the infrastructure assets of the railway system.

P and Q CCi Ranking P and Q CCi Ranking

FB

P = 0.002,
q = 0.0001

0.529 3

P = 0.002,
q = 0.999

0.550 2

BDR 0.816 1 0.840 1

DTS 0.349 15 0.425 15

IC 0.471 14 0.473 14

PPM 0.531 2 0.503 5

TC 0.478 13 0.501 8

SP 0.482 12 0.496 12

LB 0.515 4 0.502 6

FCW 0.497 10 0.500 9

FPB 0.508 6 0.504 4

LAR 0.498 9 0.498 11

ARD 0.494 11 0.496 12

DD 0.501 8 0.500 9

GOP 0.502 7 0.502 6

LP 0.512 5 0.506 3

The following observations have been made in the application and management of
the PMCDM model for the evaluation of reliability, and it offers the following advantages
over traditional reliability assessment methods:

• The IVIFS allow for the representation of uncertainty inherent in railway infrastructure
reliability assessment.

• The IVIFS-based MCDM model offers greater flexibility in handling multiple criteria
and decision factors relevant to railway infrastructure reliability.
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• The proactive nature of IVIFS-based MCDM models allows decision-makers to antici-
pate and mitigate potential reliability issues before they escalate.

• The model involves a complex mathematical computation; consultants, academics,
or experts of some sort are identified as the most probable eventual end-users of the
developed model, where they may become involved with companies to aid its usage.

• The model may be ideal for a company that wants to ensure flexibility, adjustability,
and agility in the management of their product reliability and decision-making process.

4. Conclusions

Railway infrastructure, which can generally be classified into the following two assets:
(1) fixed infrastructure assets, which include lines/rail tracks, bridges, sleepers, signaling
systems, points, interlocking systems, electrical units, etc.; and (2) infrastructure assets
that can move on the railway, like rolling stock. Failure in any of these assets, however,
could lead to the complete shutdown of the entire system, a delay in traffic, and sometimes
the total disruption of the entire system. It can cause a great deal of economic loss and
inconvenience to both the passengers and the train operating company(s), and it can
sometimes result in death or injury in the event of the derailment of the rolling stock.

Considering the importance of the issues raised, it is only necessary, therefore, to
continuously explore the behavior of these railway infrastructures, their reliability, and
their safety. In this paper, a proactive multi-criteria decision-making model that is based
on an interval-valued intuitionistic fuzzy set and some reliability quantitative parameters
has been proposed for the evaluation of the reliability of the infrastructure assets of the rail
system. The proactive evaluation model is used for measuring and mitigating the risks
associated with the failure of the railway mechanism and infrastructure components.

Results from the evaluation show that the failure modes ‘broken and defective rails
(BDR)’ and ‘drainage–track substructure (DTS)’ have the most and least reliability concerns
and risks. Hence, the failure mode Broken and defective rails should be monitored and
inspected to avoid total failure and collapse of either system. While the research aims
and objectives have been achieved in this study, a notable limitation has been observed
regarding the suggestion for each of the invited experts to use only the IVIFN table. This
recommendation stems from the fact that each expert might possess different parameters
for the linguistic terms (M, I, S, and Ma). In the future, the authors intend to extend
the knowledge gained during the evaluation process by developing a decision support
program that could be stored in a versioned repository for future cooperation reliability
decision-making based on the infrastructure assets evaluated. Also, the authors intend to
implement the proposed model by addressing all subjectivity issues for the prioritization
of maintenance actions, which is aimed at mitigating the risks due to the identified failure
mode, ‘broken and defective rails’.
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